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Abstract. In this work a model for planning with multivalued flu-
ents and graded actions, based on the infinite valued Lukasiewicz
logic, is introduced. In multivalued planning, fluents can assume
truth values in the interval[0, 1] and actions can be executed at
different application degrees also varying in[0, 1]. The notions of
planning problem and solution plan also reflect a multivalued ap-
proach. Multivalued fluents and graded actions allow to model many
real situations where some features of the world cannot be modeled
with boolean values and where actions can be executed with varying
strength which produces graded effects as well. Even if most exist-
ing planning models fail to address this kind of domains, our model
is comparable with models allowing flexible actions and soft con-
straints. A correct/complete algorithm which solves bounded mul-
tivalued planning problems based on MIP compilation is also de-
scribed and a prototype implementation is presented.

1 Introduction

Many–valued logics have recently been considered in Software En-
gineering research because they provide a support for an explicit
modelling of uncertainty, disagreement and fuzziness. In many areas
of artificial intelligence research, related to AI planning, several ex-
tensions of classical models with multivalued approaches have been
proposed. In model checking, the classical approach has been ex-
tended to a multi–valued framework [4]. In [2] a new framework
for soft constraint satisfaction problems (CSP), in which fuzzy CSP
and weighted CSP are particular cases, has been proposed. In [10] a
many–valued SAT solver based on clauses with multivalued literals
has been presented.

In AI planning there exist many real application domains in which
the relevant properties cannot be expressed by a crisp boolean value,
the actions can be applied with a graded level and the effects can
depend on that level. Consider for instance a simple scenario where
the actionopendoor is available in the domain and modifies the truth
value of the fluentdoor is open.

A typical probabilistic planning model would treat both the fluent
door is openand the successful execution of the actionopendoor
as uncertain, assigning to them a belief degree in[0, 1]. Such degrees
are different from the truth value that the real world will assign to the
fluent and to the action, which will be definitely 1 or 0, i.e. true/false
or successful/unsuccessful. In other words, the planner is uncertain
about boolean, but unknown, properties likedoor is open. A planner
with resources would treat the fluentdoor is openas a real function
whose initial value has to be measured, for instance by the open-
ness angle. Since the actionopendoor cannot have as a numerical
parameter the angle by whichdoor is openis changed, it is not pos-
sible to model the strength of the action. From a multivalued point
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of view, instead, the truth value of the fluentdoor is opendenotes a
real world property which can vary from 0 (the door is completely
closed) to 1 (the door is completely opened). In other words the door
can “really” be opened at an intermediate degree, between “com-
pletely closed” and “completely opened”. Moreover the multivalued
actionopendoor can be applied with a “strength” ranging from 0
(not applied at all) to 1 (completely applied). The resulting effect on
the fluentdoor is openwill depend on the application level of action
opendoor and on the previous truth value of the fluent itself, i.e. the
effects can also be additive.

Choosing a suitable execution degree of an actiona, it is possi-
ble to obtain a sufficient level for some fluents, for instance goals or
subgoals, while keeping low the side effects of the execution ofa.

The use of graded actions is also useful in domains where the
execution degree is related to the cost/execution time of the action.
Therefore it is possible to define a metric function based on execu-
tion degrees by which optimal plans in terms of overall cost/time are
generated.

It is worth noticing that many fuzzy concepts cannot be repre-
sented by numerical resources, because the fuzzy values could not
be obtainable by a measurement process or they could be affected by
subjective factors.

In the multivalued/fuzzy logics scenario we preferred to use a logic
based on T-norms because of its well–founded mathematical aspects.
Among this class of logics we have chosen the Łukasiewicz logic be-
cause the semantics of its operators is more suitable for our frame-
work. For these reasons we have excluded other well–known logics
as Product Logic, in which for instance the negation operator is not
involutive.

In this paper a new framework for a general theory of multivalued
planning based on the infinite-valued Łukasiewicz logic [5, 9] is
introduced and an algorithm for a multivalued planner is described.
The proposed model can be seen as a generalization of the classical
planning, since boolean and multivalued actions and fluents can be
used in the same domain.

The paper is organized as follows. Some basic concepts on
Łukasiewicz logic are recalled in Section 2, the model of multivalued
planning is presented in Section 3 and an algorithm solving problems
in such a model is proposed in Section 4. Finally an example, related
works and conclusions are pointed out in Sections 5 and 6.

2 A brief introduction to Łukasiewicz logic

Łukasiewicz logic is a multivalued extension of classical logic, well
known from the theoretical point of view [9, 5]. In this section we
will report only some useful definitions. The conjunction operator,
x ¯ y = max(0, x + y − 1), has the properties of a genericT–
norm: it is commutative, associative, monotonic with respect to all
the variables; it has0 as absorbing element and1 as unit element.



The implication is defined as the residual of the conjunction oper-
ator and is expressed byx → y = min(1, 1− x + y).

The negation, which can be defined as¬x = x → 0, is expressed
as¬x = 1−x and is involutive. Using the last property and De Mor-
gan’s law it is possible to define a disjunction operator, expressed as
x ⊕ y = min(1, x + y). This operation is a co–norm: it is com-
mutative, associative, monotonic monotonic with respect to all the
variables; it has1 as absorbing element and0 as unit element.

Implication and disjunction are related by the conditionx → y =
¬x⊕ y.

It is possible to define an operation similar to subtraction, asx ª
y = x ¯ ¬y = max(0, x − y). Under some condition onx andy,
it is the inverse of additive disjunction . Moreover(x ª y) ª z =
xª (y ⊕ z) holds.

Lastly we introduce the lattices operatorsmin–conjunctionx∧y =
x ¯ (x → y) andmax–disjunctionx ∨ y = (x → y) → y. They
coincide, respectively, with the minimum and the maximum between
x andy.

3 The Model

In this section a model of multivalued fluents and graded actions is
presented. This model allows to use boolean fluents and classical ac-
tions jointly with these new kinds of fluents and actions.

3.1 States

Let F be the finite set of fluents. A state is described by a function
S which assigns to each fluentf a truth value belonging to[0, 1] and
denoted byS(f).

It can be seen as a natural extension of the classical state definition
in which the range of the state function is[0, 1] instead of{0, 1}.

The value of a negated fluent is denoted byS(¬f) and it is com-
puted asS(¬f) = ¬S(f). In general, given a generic logic formula
φ, S(φ) denotes the truth value ofφ in the stateS.

A boolean fluent is a fluent whose possible values are restricted in
{0, 1}.

3.2 Actions

Following the classical action definition introduced in STRIPS, an
actiona is described by a list of preconditionspre(a) and a list of
effectseff(a).

Differently from the classical models, an application degree
α(a) ∈ [0, 1] is assigned to each actiona. The application degree
of a boolean action is only0 or 1, while for a multivalued action,
α(a) can assume any intermediate value.

The degrees0 and1 have the same meaning as in the classical
model (respectively, the action is not executed and the action is fully
executed), while an intermediate value means that the action is exe-
cuted with a lesser strength.

Informally we can say that each precondition is provided with a
threshold. The action is fully executable only when the truth values
of each precondition exceed the corresponding thresholds, while in
the other cases the action can be executed with a smaller degree.

The execution of an actiona can modify the truth value of fluents
by means of additive changes:p is a positive effect ofa if, after its
execution, the value ofp is increased, whilep is a negative effect if
the value is decreased. The amount of increment is proportional to
the application degree of the action and can be tuned by a parameter
which models the strength of the effect.

3.2.1 Action Preconditions and Action Executability

Definition 1 Action Preconditions
The preconditions of an actiona are defined by a list of pairs(βi, pi),
wherepi is a literal (i.e. a fluent or its negation) andβi is a real
number in[0, 1], called thethresholdof pi.

The threshold can be read as acoefficient of importanceof pi for a
or a sort of a hardness degree of the precondition.βi = 0 means
that the precondition istotally soft, i.e. the truth value of the fluent
does not affect the executability ofa. While βi = 1 means that the
precondition istotally hard, i.e. that the truth value ofpi is required
to be1 for a to be fully executed.

If pi is a boolean fluent, thenβi must be0 or 1.

Definition 2 Action Executability.
An actiona is executable in a stateS with application degreeα ∈
[0, 1] if α ≤ αmax(a, S), where

αmax(a, S) =
∧

(β,p)∈pre(a)

(β → S(p)). (1)

It is reasonable to compute a maximum application degree because
the minimum application degree must be always0, i.e. the planner
can choose whether to applya and, in this case, it can applya with
any actual application degree smaller or equal toαmax(a, S).

The min–conjunction∧ is used in (1), instead of the usual
Łukasiewicz conjunction̄ , because the latter, differently from the
former, is not idempotent and ifx andy are smaller than1, x ¯ y
is smaller thanx andy. This property would cause some problems
when there are some preconditions which are strictly related, mod-
elling, for instance, the same feature of the world. In that case it
is reasonable to expect that the presence of both the preconditions
would not alter the executability of the action with respect to the
case in which only one precondition is present.

The expressionβi → S(pi) can be seen as a fuzzy extension of the
crisp relationS(pi) ≥ βi. In fact, ifS(pi) ≥ βi, then the implication
assumes truth value1, while if S(pi) < βi then the implication as-
sumes a value lesser than 1. The higher the difference betweenS(pi)
andβi is, the lesser the value of the implication is. The use of→
therefore allows to executea (with α(a) < 1) even ifS(pi) ≤ βi.
Moreover, as desirable, this expression is increasing with respect to
S(pi) and decreasing with respect toβi.

Finally, it is important to note that a negative precondition has a
particular semantics, i.e. it requires that the truth value of the fluent
is small. In factβ → S(¬p) = 1 if and only if S(¬p) ≥ β, i.e.
S(p) ≤ 1− β.

3.2.2 Action Effects and Action Execution

Definition 3 Action Effects.
The effects of an actiona are defined by a list of pair(γi, ei), where
ei is a literal andγi is a real number in[0, +∞), calledweightof a
overei.

It is not allowed to have an action having both a positive and a
negative effect over the same fluent.

Definition 4 Action Execution.
In the stateS′, resulting from the execution of an actiona with ap-
plication degreeα in a stateS, for each effect(γ, e) of a

S′(e) = S(e)⊕Πγ(α) (2)

whereΠγ(α) = min(γ · α, 1).



Since the aim of our model is to deal with actions which modify
the world state according to their application degrees, additive effects
are more suitable. For instance, if an action is executed with a low ap-
plication degree, the change on the world has to be small. An action
which assigns truth values to fluents depending only onα does not
verify this important property.

The unary operatorΠγ allows to reduce or to amplify the effect
of the action execution with respect to the application degree and,
in particular, reflects the idea of effects proportionally related to the
application degree.

It is easy to see that the application of(2) to a negated fluent¬f
yields toS′(¬f) = S(¬f)⊕Πγ(α) and, sinceS′(¬f) = 1−S′(f),
to

S′(f) = S(f)ªΠγ(α).

Therefore, as expected, the action execution decrements the truth
value of fluents in its negative effects, while increments the fluents in
its positive effects.

If ei is a boolean literal, then the correspondingγi is represented
by∞ because by this value it is possible to simulate assignments to
1 (or to0).

3.2.3 Multivalued Planning Problems

A multivalued planning problemis defined by a quadruple
(I,O, G, σ) whereI is a truth assignment over the fluentsI : F →
[0, 1] and denotes the initial state;O is a set of boolean and multival-
ued actions;G is defined by a list of pairs(θi, gi) having the same
structure of action preconditions, andσ is a real number in[0, 1]
calledglobal threshold.

A valid plan is an ordered sequence of pairs〈a1 : α1, a2 :
α2, . . . , an : αn〉, where eachαi represents the application degree
of actionai ∈ O. Moreover, letS0 = I andSi+1 the state resulting
from the execution of the actionai is Si, each actionai must be
executable inSi with application degreeαi.

It is clear that non interfering actions could be simultaneously ex-
ecuted. While a boolean concept of interference among actions is
natural, it is not straightforward to define a multivalued version of
this concept and this point needs further investigations. Therefore in
this first model we restrict our attention only to linear plans.

Definition 5 Solution Plan
A solution plan is a valid plan where in the final stateSn

∧
(θ,g)∈G

(θ → Sn(g)) ≥ σ (3)

Note that a solution plan is a plan which achieves all the goals in
a multivalued fashion. First, theθs represent the importance or hard-
ness of each goal, similarly to what theβs represent for the action
preconditions. Then,σ specifies a global parameter which represents
a minimal satisfaction degree desired for the solution plan.

Since we are solving a planning problem by means of a MIP
solver, it is straightforward to allow the definition of a metric func-
tion in terms of a linear function of the application degrees of some
actions. Then a solution plan must also minimize the metric function.

4 An Algorithm for Multivalued Planning

The idea of the algorithm is to solve bounded multivalued planning
problems described in the model presented in Section 3 in three steps.

At first, a planning graph [3] is constructed until either the upper
boundU for time–steps is exceeded or a state verifying the neces-
sary condition for the solution existence is reached. Then the graph
representation is translated into a MIP problem (Mixed Integer Pro-
gramming), and finally a MIP problem solver is called. If the MIP
problem has a solution, then also the planning problem has a solu-
tion which is directly derived from the MIP problem solution. If the
MIP problem has no solution, the main loop continues by adding a
new level until a solution is found or the boundU is exceeded. It is
easy to prove that this algorithm is correct and complete in the class
of theU–bounded multivalued planning problems.

4.1 Planning Graph Construction

The planning graph built in our system is similar to the planning
graph used in Graphplan and other planning systems. The planning
graph is a2T + 1–leveled graphG = (V, E) whose vertex set is
V = F0∪A0∪F1∪A1∪. . .∪FT , whereFt is the set ofmultivalued
fluentsat timet = 0, . . . , T andAt is the set ofgraded actionsat
time t = 0, . . . , T − 1. Each edge inE links either a fluentf ∈ Ft

to an actiona ∈ At, such that(β, f) ∈ pre(a), or an actiona ∈ At

to a fluentf ∈ Ft+1, such that(γ, f) ∈ eff(a).
Note that there are no edges denoting mutual exclusion relation-

ship, since such a concept is not used in our framework.
In the following,St(f) means the truth value of the fluentf ∈ Ft

at the time-stept andα∗t (a) denotes the upper bound for the appli-
cation degreeα of the actiona ∈ At.

The values ofS0(f) andα∗0(a) can be computed in an exact way,
because the initial state is completely known andα∗0(a), for each
a ∈ A0, can be computed directly using the formula 1.

Whent > 0, since it is not known which action will be executed
in each time–step, the truth valueSt(f) for each fluentf ∈ Ft is
unknown and, for the same reason, it is not possible to compute a
realistic value ofα∗t (a) for each actiona ∈ At.

Anyway, it is possible to compute a lower boundSt(f) and an
upper boundSt(f) for the valueSt(f) by taking into account the
maximum change (in the positive and in the negative cases) caused
by any possible action executed at timet− 1.

In order to compute a tighter upper bound forαt(a) which takes
into account the fact that in each time–step only one action is exe-
cuted, we must compute lower and upper bounds forSt(f) condi-
tioned to the execution at timet− 1 of a given action.

Therefore for each fluentf ∈ Ft and each actiona, we define the
interval [Sa

t (f), S
a
t (f)] which provides a bound forSt(f) after the

application of the actiona at timet− 1. Clearly,

[St(f), St(f)] = [ min
a∈At−1

Sa
t (f), max

a∈At−1
S

a
t (f)] (4)

holds, where

Sa
t (f) =

{
St−1(f) if (γ,¬f) /∈ eff(a)
St−1(f)ªΠγ(α∗t−1(a)) if (γ,¬f) ∈ eff(a)

S
a
t (f) =

{
St−1(f) if (γ, f) /∈ eff(a)

St−1(f)⊕Πγ(α∗t−1(a)) if (γ, f) ∈ eff(a)

Then, we defineα∗bt(a) as the maximum execution degree of the

actiona, computed considering[Sb
t(p), S

b
t(p)] as the interval bound-

ing the truth values at timet for each fluentp involved in the pre-
conditions of the actiona. In other words,α∗bt(a) is the maximum



execution degree of the actiona at the timet taking into account that
the actionb was executed at timet− 1.

α∗bt(a) =
∧

(β,p)∈pre(a)

(β → S
b
t(p)) ∧

∧
(β,¬p)∈pre(a)

(β → ¬Sb
t(p)).

Finally, we compute

α∗t (a) = max
b∈At−1

α∗bt(a). (5)

It is easy to prove that the computation ofα∗t (a) directly from
St(f) andSt(f), would produce a higher estimate of the maximum
application degree.

Note nevertheless that a complete implementation of the pre-
vious method is not feasible. In fact the computation ofα∗t (a)
at a timet would require the computation ofS

a0,...,at−1
t (f) and

S
a0,...,at−1
t (f) for every possible sequence of actionsa0, . . . , at−1.
The first time–step where a solution can exist is the first one which

verifies the goal condition

∧
(θ,f)∈G

(θ → St(f)) ∧
∧

(θ,¬f)∈G

(θ → ¬St(f)) ≥ σ. (6)

4.2 Constraints Extraction

Since it has been shown, for instance in [8], that constraints expressed
by operators of Łukasiewicz logic can be transformed in linear con-
straints on integer and real variables, the constraints contained in the
planning graph built as explained in Section 4.1 can be compiled into
a Mixed Integer Programming (MIP) problem.

The truth value of each fluentf and the application degree of each
actiona at timet are respectively denoted by the real variablesxft

andxat which take values in[0, 1]. For boolean fluent and actions
the range is restricted to{0, 1}.

Different kinds of constraint must be satisfied in order to have a
solution plan according to the model presented in Section 3. They
can be grouped inaction executability rules, action execution rules
andgoal satisfiability rules. Moreover, according to the definition of
a valid plan, we have to express a linearity condition for each plan
calledplan linearity constraint.

The number of constraints in the MIP problem will be a polyno-
mial of the number of fluents and actions in the planning graph as
shown in the following sections.

4.2.1 Action Executability Rules

At each time–stept, the actual application degree of an actiona must
be less or equal than the upper boundα∗t (a). Therefore,

xat ≤ min( min
(β,f)∈pre(a)

{β → xft}, min
(β,¬f)∈pre(a)

{β → ¬xft} ).

Therefore for eacha ∈ At and for everyt = 0, . . . , T − 1

{
xat ≤ (1− β) + xft for all (β, f) ∈ pre(a)
xat ≤ (1− β) + (1− xft) for all (β,¬f) ∈ pre(a)

The number of constraints added to MIP problem for each time–
step is equal to the total number of preconditions of every action.

4.2.2 Action Execution Rules

The value of of a fluentf at a time–stept + 1, xf,t+1, can be com-
puted by the following equation which depends on the value off at
the previous time–step and on the execution of some action.

xf,t+1 = xft⊕


 ⊕

(γ,f)∈eff(a)

Πγ(xat)


ª


 ⊕

(γ,¬f)∈eff(a)

Πγ(xat)


 .

(7)
Note that since only one action is executed at each time–step, in (7)

at most one term amongΠγ(xa,t−1) is greater than zero and affects
the value ofxft.

The translation of (7) in MIP constraints is performed by means of
the techniques shown in [8] and in [1]. The overall number of con-
straints added to the MIP problem for each time–step is proportional
to the number of fluents.

4.2.3 Goal Satisfiability Rule

This rule derives directly from the goal condition defined in (6) and
requires that each subgoal(θ, f) must be fulfilled with a truth value
greater or equal to the global threshold. It is expressed by the formula

∧
(θ,f)∈G

(θ → xfT ) ≥ σ. (8)

As shown in subsection 4.2.1, this constraint can be encoded as
{

(1− θ) + xfT ≥ σ for all (θ, f) ∈ G
(1− θ) + (1− xfT ) ≥ σ for all (θ,¬f) ∈ G

The number of constraints added to the MIP problem is equal to
the number of problem goals.

4.2.4 Linearity Plan Rule

With this constraint we express the condition that only one action
can be executed in a given time–step, i.e. at each timet, ∃!a ∈ At :
xat 6= 0.

This constraint can be represented directly by the MIP system




xat ≤ λat for all a ∈ At∑
a∈At

λat = 1

λat ∈ {0, 1} for all a ∈ At

(9)

It is easy to see that this condition is true if and only if at each
time–stept there exists at most an actiona, such thatxat 6= 0.

The number of constraints added to the MIP problem for each
time–step is equal to the number of actions plus one.

4.3 Implementation

A prototype implementation of the previously described algorithm
has been made in C++, using as a MIP solver the open–source library
lpsolve, which is not very efficient, although the preliminary results
obtained on small examples are encouraging.

We expect that further code optimizations and the use of more ef-
ficient linear programming libraries, like CPLEX, will produce good
results from the computational point of view.

Another different approach to solve multivalued planning prob-
lems without metric is a compilation into a Linear Arithmetic Logic
problem, handled by some solvers like MathSAT [6].



5 An Example

In order to model domains and problems with multivalued fluents
and graded actions some obvious extensions to PDDL3 were added.

In this small example we present a domain having generic objects
that can be wet and must to be painted. There are also some grippers
that can be wet and hold objects. These domain properties are repre-
sented by the following fluents:(obj wet o), (painted o), (grwet g),
(holding o g)whereo is an object andg is a gripper.

This domain has four actions.dry is a graded action that can dry a
free gripper.paint is a graded action that can paint an object held by
a gripper.pickupandputdownare boolean actions that respectively
pick an object up from the table and put an object down to the table.
The property to be on the table is represented by(on table o). A
gripper can hold only one object, can pick an object up only if it is
free and the object is on the table. It can put an object down only if it
holds it. A gripper can be wet and can be safely used only if it is not
too much wet.

This example cannot realistically be modeled by classical plan-
ning domains, because qualitative properties like “be wet” or “be
painted” cannot suitably be represented by boolean propositions: a
gripper could be “a little wet” or “just damp”. Soft preconditions
allow, for instance, to execute the actionpickup(gr,obj)even if the
gripper is not totally dry. Moreover, the classical planning model is
not adequate for an action likedry(gr) because it would be applied
with the same strength, both when the gripper isvery wetand when
it is a little wet. These are the action descriptions:

(:action paint
:type graded
:parameters (?obj - object ?gr - gripper)
:precondition (and (1 (holding ?obj ?gr))
:effect (0.8 (painted ?obj)) )

(:action dry
:type graded
:parameters (?gr - gripper)
:precondition (0.8 (gr wet ?gr))
:effect (0.9 not(gr wet ?gr)) )

(:action pickup
:type boolean
:parameters (?obj - object ?gr - gripper)
:precondition (and (1 (free ?gr))

(1 (on table ?obj))
(0.7 (not(gr wet ?gr))) )

:effect (and ( ∞ not(free ?gr)) ( ∞ (not(on table ?obj)))
( ∞ (holding ?obj ?gr)) ) )

(:action putdown
:type boolean
:parameters (?obj - object ?gr - gripper)
:precondition (1 (holding ?obj ?gr))
:effect (and ( ∞ (free ?gr)) ( ∞ (on table ?obj))

( ∞ (not(holding ?obj ?gr))) ) )

An example of a problem is presented. We suppose to have the
goal to paint the objects minimizing thedry application degrees in
all the plan.

(define (problem example)
(:domain slippery_gripper)
(:objects gr1-gripper gr2-gripper obj1-object obj2-object)
(:init (= 1 (free gr1)) (= 1 (free gr2))

(= 1 (ontable obj1)) (= 1 (ontable obj2))
(= 0.2 (gr_wet gr1)) (= 0.5 (gr_wet gr2))
(= 0.2 (obj_wet obj1)) (= 0.7 (obj_wet obj2))
(= 0.3 (painted obj1)) (= 0.6 (painted obj2)) )

(:goal (and (0.8 (painted obj1))(0.7 (painted obj2))) )
(:threshold 0.9)
(:metric minimize (is-executed dry))

)

6 Related Works and Conclusions

One of the mainly related planning models is the non–Boolean ap-
proach introduced in [11]. In this modelpropositionsdenoting fuzzy
relations andflexible operatorsare allowed. The main differences
with our approach is that they use finite–valued fluents and the map-
ping between preconditions and effects is obtained by a set of dis-

joint conditional clauses, where each clause determines the satisfac-
tion degree of the effects associated with it. Despite of the fuzziness
of the approach, the activation of a conditional clause is crisp, i.e. in
flexible planning slight differences in the satisfaction degree of pre-
conditions can activate completely different set of effects. Finally the
concept of graded action is not present in [11], where operators are
applied only at fixed application degree, because only the satisfac-
tion degree of preconditions determines the effects of the action. In
our approach, instead, the planner decides which application degree
to assign to an action among the available values.

It is easy to see that some types of resources can be encoded in
our model by appropriate multivalued properties values and additive
effects. For instance the quantitative resource offuel in a tank, vary-
ing between 0 and 100 litres, can be modeled by a multivalued fluent
tank full in [0,1] which represents, in some sense, a fuzzy normal-
ization of the resourcefuel. Operators which produce/consumefuel
would increment/decrement the truth value of fluenttank full.

Recently PDDL [7] has been extended in order to allowsoftcon-
straints and goals preferences; the planning problem consists then in
finding an admissible solution which maximizes the preference func-
tion. It is worth noticing that, although preferences are not considered
in our approach, they could be encoded by introducing explicit mul-
tivaluedpreference fluentsinto the operators, and by specifying in
the goals the desired preference level.

An interesting direction for future work is to study the effects of
building the planning model on a finite–valued logic.

Different and more efficient approaches to solve multivalued plan-
ning problems need to be considered, such as graph based algorithms
or using mixed boolean–real solvers.

Finally, from an experimental point of view, it is necessary to de-
velop a set of benchmark problems for significant domains involving
graded actions in order to test the performance of the implementa-
tion.
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